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Abstract 
The goal of the paper is to present a methodology and the related instrumentation for fast energy characterization of industrial 
machines. Standard energy measurements prescribe acquiring power flowing into the system and into every significant 
subsystem of the machine using a considerable number of power meters (or repeated measurements) that determine high 
installation times, costs and efforts. Often, such measurements are missing additional information about machine activity, needed 
to understanding energy dissipations. Fast experimental characterization method proposed in the paper assumes to measure solely 
the total power absorbed by the machine and to estimate the consumptions of machine subsystems by acquiring additional 
signals, e.g. states and variables, via a newly developed wireless, non-invasive measurement system. Knowledge of these states 
allows to create an intermediate-precision energy models of the system. A case study is performed to identify and analyse such 
model of axis in an industrial robot. Apart from power, two additional signals are acquired: axis acceleration via accelerometer 
and current of one of the motor phases, using a current transducer. Techniques of sensor data fusion are employed to obtain more 
reliable results. Axis energy models are identified and compared to find the best match for the considered application. 
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Scientific Committee of 48th CIRP Conference on MANUFACTURING SYSTEMS - CIRP CMS 
2015. 
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Nomenclature 
sP [Nm]          static friction 
vP [Nm*s/rad] viscous friction 
J [kg*m2]  inertia 
R [Ohm] resistance 
tk [Nm/Arms] torque constant 
q [rad]  position 
q [rad/s] velocity 
q [rad/s2] acceleration 
1. Introduction 
Contribution of the energy consumption of industrial sector 
in the total energy consumption is substantial, and has been 
reported to be at the level of 24% in EU (2009) [1] and 33% 
in US (2004) [2]. Potential energy saving in this sector will 
have strong influence on the whole energy market as well as 
they are going to be an enabler for increasing manufacturing 
competitiveness in the global market. Therefore an increased 
efforts to enhance energy-aware manufacturing systems can 
be observed in the recent years [3]. Machine builders are 
subject to downward pressure coming from their customers, 
who require more energy efficient machines and upward 
pressure coming from newly established and incoming 
standards (e.g. ISO-14955) and regulations (e.g. CECIMO 
Self-Regulatory Initiative). This creates a demand for new 
technologies and design methodologies, which can offer an 
added value features to the new generations of machines. 
Studies show that in order to further optimize energy 
efficiency of industrial machinery, solely energy 
measurements are insufficient and additional information 
about machine activity must be present to develop a deeper 
insight of the consumption within [4, 5]. To achieve this goal 
engineers require tools that can help them to better understand 
the distribution of energy in the components of a machine, 
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and how its activity, production mission and process 
parameters are affecting the consumption. Accurate yet 
simple energy models of components are essential building 
blocks for the full energy model a machine and play crucial 
role in explaining the phenomenon of energy usage on 
different levels, from a subsystem to the machine level, thus 
creating opportunities for energy-oriented optimization. 
In order to be accurate one must provide a model that from 
physical point of view well represents the key points of the 
system and given correctly measured input and output data 
allows proper identification of model parameters and 
afterwards closely resembles behavior of original system. 
Obtaining quality measurement data in industrial 
environment can be difficult due to noise, machine 
availability, inability to measure all desired quantities, 
especially when access to the machine control system data is 
limited. The latter often happens when older types of machine 
are considered or when interference with machine controller 
would cause long-lasting interruptions in the production 
process, generating financial losses. Similarly, conventional 
measurement instrumentation setup can be problematic 
because of cabling placement, installation of sensors, 
particularity on the moving parts of the machine, like axis, 
which require additional time, again leading to increased 
costs. 
In this paper a lightweight methodology is proposed that is 
dedicated to assist standard measurement procedure with non-
invasive and quick to set-up, smart, battery powered, wireless 
sensor nodes. A low cost Arduino hardware platform is used, 
equipped with an 868MHz Digi XBee® radio modules. 
A study case on a vertical controlled rotary axis of a 
COMAU NS16 robot is conducted to present the 
measurement approach, related hardware solution and data 
post-processing techniques and finally derive appropriate 
model for energy characterization. The goal is to create a 
model able to simulate and predict energy consumption of the 
axis and including several significant groups of losses: static 
friction, resistive losses (also known as copper losses) and 
velocity-dependent losses. Two types of models are proposed. 
First assumes identification of torque applied to the axis based 
only on measurement of axis velocity and acceleration, 
whereas the second one utilizes also measurement of current 
in the motor. 
Using a low-cost acquisition platform results additional 
measurement noise and limited overall precision therefore it 
becomes necessary to apply sensor fusion techniques that by 
combining data from separate sensor can achieve higher 
accuracy that the sensors would have on their own. Two 
techniques are discussed in the paper: Kalman filter and a 
piece-wise function combination.  
2. Energy models of controlled axis 
A typical 6-dof anthropomorphic robot is actuated by 
Permanent Magnet Synchronous Motors PMSM and relative 
power converters (rectifiers, DC bus and inverter).  Motors 
represent the main energy users. Previous studies propose the 
use of electrical machine models [5] and detailed numerical 
representations based on motor equivalent circuits and on 
experimental identification of losses [6]. 
Several types of losses contribute to the energy dissipation 
in the motor, drive and kinematic chain of the axis. Other 
works [7] propose motor power simplified modeling for robot 
motors based on experimental characterization from current 
and power measurements, showing that losses that strongly 
contribute to the energy consumption are friction and copper 
ones, while velocity-dependent losses (i.e. iron losses) result 
not significant. 
In this paper, the author propose a power modeling for a 
robot vertical rotary axis driven by PMSM formulated in (1) 
and based on an experimental identification from power and 
acceleration measurements.  
The model defines the motor power absorption P as sum of 
constant power PB, mechanical power PM and motor copper 
losses PR. Torque computation considers both the inertial and 
the frictional contributes. 
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where the cinematic measures are referred to the motor. 
As experiments have shown that the motors of the robot 
work always in no flux weakening operative region, no more 
detailed modeling is needed. 
3. Sensor fusion 
3.1. Velocity and position signal from phase current 
 
Fig. 1. – Proposed algorithm for obtaining velocity signal from a phase 
current time series. False crossing count threshold is set to 50. 
Electrical motor used in the robot is a permanent magnet 
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brushless DC machine. Rotor’s motion is caused by a rotating 
magnetic field in the stator, which is induced by the current in 
stator’s coils. These currents by principle have a sinusoidal-
like shape, and for each electrical period T, rotor is 
performing 2/N mechanical rotation (where N denotes number 
of rotor’s poles). Counting the number of current pulsation 
periods T and its frequency can provide a good approximation 
of rotors position and velocity. To compute these quantities a 
dedicated algorithm has been proposed (Fig. 1). 
3.2. Kalman filter in sensor fusion 
Kalman filter is a probabilistic estimator that predicts the 
state vector of the system based on the probability of given 
state in the previous time step and the probability of the 
measured data. It has been proven to be working well in the 
sensor fusion applications, where low frequency position 
measurement were combined with high frequency 
acceleration acquisition [8]. Similarly, in the case presented in 
this paper, Kalman estimator has been used to combine 
velocity and acceleration data to improve reconstruction of 
the motion of the robot axis.  
3.2.1. Filter formulation 
From the measurements two redundant signals are being 
captured by independently working sensors – angular 
acceleration of the axis, provided by the accelerometer sensor 
on the robot arm, and angular velocity of the axis, derived 
from frequency of phase current signal. A state-space 
representation of velocity and acceleration measurement 
model is presented below (2). 
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 (2) 
q , q and q denote axis position, velocity and acceleration, 
mq and mq  are measured velocity and acceleration, aK and 
dK denote white Gaussian noise affecting the measurements, 
with covariance q and r, respectively. 
Discretization of the model (2) with sampling interval T 
results in the discrete state-space model (3), which can be 
solved using Kalman filter estimator.  
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For the model presented above discretized covariance 
matrices Q and R are presented in equation (4). 
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3.2.2. Kalman filter smoothing 
Real-time processing constrains the model to be solved 
sequentially, sample by sample forward. However if the data 
acquired from the measurements is post-processed off-line, 
additional techniques can be employed to minimize Kalman 
filter estimation error, known as filter smoothing. For the 
optimal performance of the sensor fusion the fixed-interval [9] 
method was chosen, and Rauch-Tung-Striebel (RTS) 
algorithm was applied to compute filter response. Basically 
RTS algorithm consists of a forward sweep of the filter (0, 1, 
..., N), that is identical to standard filter computation, 
followed by a backward sweep (N, N-1, …, 0), which uses as 
the initial conditions the output of the last computation during 
the forward sweep )(ˆ NNx . At every time step of the forward 
sweep probability P-matrix must be saved, as it will be reused 
in the backward processing. Equations of the reverse 
computation are given as follows (5): 
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(5) 
3.3. Piece-wise function fusion 
Knowing the specifics about the behaviour of the sensors 
used another fusion technique has been proposed, which 
consists of switching between the signals depending on which 
one is better at that moment. In the case presented in the 
article, velocity sensor based on the phase current frequency 
has very good precision at constant velocities, but its 
performance downgrades at transition periods, when the axis 
is accelerating or decelerating. On the other hand 
accelerometer performs well during transition periods, but 
when at constant velocity there is a significant velocity drift, 
that spoils the overall result. 
In proposed piece-wise function fusion, velocity signal is 
assumed to be valid at close to constant speeds, but during 
non-zero acceleration periods accelerometer readout is used 
instead. Resulting signal is a piece-wise function of velocity 
and integrated acceleration signal. Additionally, integrated 
acceleration signal is detrented by means of linear 
transformation, or in other words fitted in between known 
velocity points. Mathematical definition of the function is 
formulated in equation (6). 
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The difficulty of such an approach lays in proper selection 
of the T vector, which describes the moments at which the 
signal source is switched. Usually it requires good knowledge 
of the process. In the case discussed in the paper the robot is 
using the trapezoidal velocity profile, so the phases of the axis 
motion are clearly distinguishable. 
4. Acquisition system configuration 
4.1. System architecture 
The center of the acquisition system is a National 
Instruments PXI device, which is controlled through an 
application running on the PC. Velocity, acceleration of the 
robot axis and phase current of the motor are measured by 
means of the wireless sensor nodes, that send the data to 
wireless hub, connected to PXI through Ethernet (TCP-IP 
stack). For power measurement a proprietary, fast sampling 
power sensor was used that sends conditioned 3-phase voltage 
and current signals in analogue form to PXI. A simplified 
schematic of the acquisition system is shown in Fig. 2. 
 
 
Fig. 2. Architecture of the acquisition system 
4.2. Sensor nodes description 
Nodes are build using Arduino Due development platform, 
which based on a 32-bit, 84Mhz ARM microcontroller with 
32kB of RAM and 512kB of ROM. Nodes are equipped with 
a series of 12-bit analogue and digital inputs as well as 
commonly used interfaces – UART, SPI, TWI. Such 
configuration is sufficient to interface a wide variety of 3rd 
party sensors and provide simple preprocessing capabilities, 
before data is sent over the wireless network to the hub and 
then to data storage unit. 
5. Experiment description 
5.1. Test bench 
In order to identify and validate the energy models of an 
axis presented in section 2 it is required to provide velocity 
and acceleration signals of the axis, current consumed by the 
motor and its total active power. Test bench and 
instrumentation have been shown in the pictures below (Fig. 
3). 
 
  
Fig. 3. a) COMAU manipulator used for experiment with wireless sensor 
node attached b) measurement instrumentation 
Velocity, acceleration and current were measured through 
a wireless sensor network consisting of two sensor nodes. 
Node 1 was equipped with 3-axial accelerometer (Analog 
ADXL345) installed at the effector of the robot, whereas 
Node 2 with single phase current sensor (split core 
transformer, XiDi Technology, SCT-013-030) installed at one 
of the of the phase connections of the motor of Z-axis. Pre-
processed data from sensor nodes was acquired at 25Hz, 
whereas the active power was acquired at 500Hz. 
5.2. Test setup 
Three measurement runs were conducted with different 
maximum acceleration of the axis – 33%, 67% and 100%. 
Each run consisted of 10 movements of 180 degrees around 
Z-axis only (Axis 1 of the robot), back and forth, with 
progressively increasing speed from 10 to 100% of allowed 
maximum. Data from the control system of the robot is saved 
for the reference and model validation with 500 Hz sampling 
rate. 
6. Results 
6.1. Sensor fusion – velocity and acceleration 
In the Fig. 4 and Fig. 5 a sample of velocity and 
acceleration signals has been presented. Reference data from 
the robot controller has been compared with the raw signal 
accelerometer 
sensor 
node 1 
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acquired by wireless nodes and with two other, obtained via 
sensor fusion techniques. 
   
 
Fig. 4. Comparison of velocity signals measured and obtained via sensor 
fusion techniques 
 
Fig. 5. Comparison of acceleration signals measured and obtained via sensor 
fusion techniques 
It can be spotted that raw measurement velocity signal 
matches well the reference most of the time, however is 
distorted during deceleration periods, as the torque and 
consequently phase current is crossing zero in that moment, 
causing erratic sensor readouts. Kalman fusion technique has 
partially eliminated that effect, but greater effect can be seen 
with the piece-wise function, that remains insensitive to this 
effect. Piece-wise function signal has a phase-shift of around 
0.05s with respect to the reference which is likely related to 
the switching point selection (the T vector). 
Raw measurement of angular tangential acceleration has a 
significant error in the gain (around 35%-40%) and introduces 
an offset during rapid motion proportional to the velocity of 
the axis. Instead both Kalman filter and Piece-wise function 
signals are deprived of this negative effects, and amplitudes of 
signals are consisted with the reference. In the Kalman filter 
output some overshoot spikes are present (around 10-15%). 
Due to offline smoothing technique filter presents a non-
causal properties, reacting to acceleration that has yet not 
occurred. 
6.2. Comparison of sensor fusion techniques 
Quantitative comparison of measured data has been shown 
in the Table 1. It can be seen that the mean squared error 
(MSE) between the reference data and measured one has been 
significantly reduced on the acceleration signal (between -
60% to -93%). On velocity however the MSE has been 
slightly increased by average (decreased in Test 1 and 
increased in Test 2). 
 
 
 
Table 1. Comparison of mean square error (MSE) of velocity and acceleration 
with respect to the reference signal (robot controller data) 
Measurement Raw data 
MSE 
Kalman filter 
MSE 
Piece-wise f. 
MSE 
Test 1 – 33% acceleration  
Velocity 4.53e-3     3.40e-3 (-24.9%)  2.25e-3 (-50.4%) 
Acceleration 0.21794      0.0824 (-62.2%) 0.0183 (-91.6%) 
Test 2 – 67% acceleration  
Velocity 1.98e-3 2.51e-3 (+26.7%) 3.27e-3 (+64.9%) 
Acceleration 0.4482     0.1166 (-74.0%) 0.0359 (-91.0%)  
Test 3 – 100% acceleration  
Velocity 0.58e-3 0.73e-3 (+25.9%) 0.76e-3 (+31.3%) 
Acceleration 0.2838 0.0570 (-79.9%) 0.0269 (-92.7%) 
6.3. Power modeling identification 
Table 2. Identified parameters of the robot axis model 
Identified 
parameters 
Reference 
model 
Raw data Kalman 
filter 
Piece-wise 
function 
sP [Nm] 0.7302 0.6689 0.7438 0.7272 
vP [Nm*s/rad] 0.001772 0.001784 0.001631 0.001687 
J [kg*m2] 0.001869 0.001265 0.001807 0.001957 
2/2 tkR  3.263 18.174 9.046 7.125 
O [W] 4.091 2.682 0.077 4.832 
MSE 75.045 841.326 341.153 401.996 
 
 
Fig. 6. Comparison of the contribution of particular dissipation losses in the 
robot axis model 
Fig. 7. Power fitting for different identified models. Motion clock-wise (left) 
and counter-clockwise (right). 
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7. Discussion 
7.1. Measurement methodology pros and cons 
These is a number of advantages for using proposed 
measurement methodology. Wireless sensor nodes are small, 
non-invasive and quick to set up, so the time and related 
installation costs are lower with respect to conventional wired 
sensors. Nodes offer moderately good preprocessing 
capabilities, and providing some redundancy in the 
measurement is applied (like independent velocity and 
acceleration measurement), results are fairly accurate. There 
is a large variety of 3rd party sensors available on the market 
that can be interfaced to this platform, which makes it highly 
flexible. One of the most important features of this 
methodology is that it can obtain useful data which can help 
to correlate machine function with the energy consumption 
and this is the direction to which the recent research in the 
field is leaning to. 
On the other hand, the throughput and sampling rates are 
low. Low cost of the hardware reflects in lower precision and 
higher noise to signal ratio, therefore additional techniques are 
often required (e.g. sensor fusion). Limitation due to battery 
life should also be considered. 
Presented wireless sensor network can well supplement 
conventional high-end acquisition systems to optimize 
performance, rather than being a stand-alone solution. 
7.2. Discussion about power modeling identification 
Power model introduced in equation (1) has been identified 
and characterized from experimental measurement data. In 
particular, the kinematic data obtained by the use of the 
considered sensor fusion techniques and the measured power 
signal are used in for the estimation of the unknown 
parameters. A non-linear fitting is performed imposing the 
minimization of the sum of the squares of the gaps between 
measured and estimated power. 
Taking as reference result the identification executed with 
the measure signals provided by the robot numerical control, 
it can be noted that a similar model characterization (Table 2) 
and a good power fitting (Fig. 7) can be obtained using data 
processed with Kalman filter in sensor fusion and Piece-wise 
function fusion. On the contrary, the use of the kinematic 
measures obtained directly from the sensors conducts to a 
poor fitting, because of the presence of an offset in the 
acceleration measure. 
Considering energy loss breakdown, it can be noted that 
the most relevant contribution is due to the mechanical losses 
(static and viscous frictions, Fig. 6). Motor copper losses have 
an impact of about 5%, according with the result of the model 
fitted with the reference data. 
8. Conclusions 
Identifying models that well represent considered system, 
not only by well-fitting the output data but also internally, 
maintaining its physical properties, is not a straightforward 
task. The used identification procedure can be sensitive to 
unsynchronized signals, which may occur with low 
throughput, wireless distributed system, like the one presented 
in the paper. These possible difficulties can be overcome 
using post-processing techniques. 
Described sensor fusion methodologies have proved 
themselves to be working well and increased the precision of 
the measured data as well as the fitting of the energy model of 
a rotary controlled axis. Piece-wise function technique 
provides the best accuracy but it strongly relies on the 
knowledge of process and system to select a proper switching 
time vector. Instead Kalman filter, even though slightly less 
accurate, is more suitable for the generic cases in which 
minimal information is available. Identified modeling 
provides an energy loss breakdown similar to the one 
estimated in the reference case. 
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